Energy efficiency in manufacturing is important for overall sustainability of society. This paper combines three observations to improve an overlooked part of the energy efficiency support infrastructure in food and drink manufacturing: innovation capability. First, variations in machine and process design produce significant differences in energy efficiency; second, these differences are not widely known or valued because comparable machine energy data are not gathered for the vast majority of products, so machine and process design is under-used as a route to efficiency improvement; third, peer benchmarking has proved to be an effective tool for stimulating change in other contexts, but has not been used at machine level in manufacturing. This paper describes and makes the case for a self-sustaining system in which machines would be validly compared on energy consumption and peer benchmarking would stimulate innovation in machine and process design for food manufacturing. The system, to be tested in a feasibility study, would benefit both food manufacturers and stakeholders. It would avoid dependence on public funding and enable stakeholders to provide value from the data. The paper contains the academic underpinning for the system and sets out an effective means of using it to achieve practical change.
Introduction
Driven by the political drivers of global warming, energy security and energy affordability, energy efficiency in food and drink manufacturing (shortened to 'food manufacturing' throughout this paper) and other industrial sectors in many countries has received significant attention in industry and government reports, in addition to the academic literature. Food manufacturing accounts for around 4.1% of industrial sector energy consumption in the developed (OECD) economies and 2.4% in non-OECD countries (Energy Information Administration 2016 and personal communication, June 2017). In the UK, food manufacturing accounts for 16% of energy consumption in manufacturing, the fourth largest manufacturing sub-sector (Department for Business, Energy & Industrial Strategy 2018) .
Manufacturing is of course only one stage of the full food supply chain, from farm to consumer, but the scope of this research is on manufacturing. Within this stage, both product development and the overall system within which it operates are important influences on energy efficiency. These are touched upon here, but require separate attention to cover them properly.
A state-of-the-art review carried out as part of the present research, covering academic, industrial and policy literature and focusing on food manufacturing in the UK, found that long-standing, readily available technologies and measures for improving energy efficiency in the sector are well known and are gradually being implemented according to each manufacturer's investment criteria. Similarly, radically more efficient technologies are also known, and cost and confidence issues associated with their practical implementation on a wide scale are being researched. The many activities and initiatives in the UK are summarised in the most recent measure, a joint government-food and drink industry roadmap and action plan for decarbonisation and energy efficiency (Department for Business Energy & Industrial Strategy et al. 2017) , which draws on evidence from the major government-commissioned research reported by WSP Parsons Brinkerhoff and DNV GL (2015) .
The review found a clear lack of data on energy consumption in the sector at process, machine and machine component levels (see Online Resource), data which could inform improvement and innovation in machine and process design for both retrofitting and in new equipment. Machine design, and to a lesser extent process design, can be categorised as a space between the well-known measures/ technologies and the radically more efficient. This paper demonstrates the significant potential for energy efficiency improvement available in machine and process design innovation. (Henceforth, 'machine design' includes process design.) Data acquisition to establish baseline energy use is the first step signalled in the ISO standard 50001:2011 -Energy Management Systems (BSI 2012 ) and in the current draft updated consultation version (International Standards Organization 2017) . ISO 50006:2014 (BSI 2015 provides guidance on how to establish, use and maintain energy performance indicators (EnPIs) and energy baselines (EnBs) in measuring energy performance and energy performance changes.
For food products, this data acquisition step can initially often take the form of eliciting and assembling the knowledge of long-standing personnel or experienced consultants in order to identify the processes using the most energy and with the greatest scope for reduction. Reference can also be made to published lists or databases of energy 'hotspots' in manufacturing. Beyond this, appropriate metering of processes and machines, together with data analysis, is needed.
Our review concluded that few food manufacturers in the UK acquire data to process/machine level, and of those which do, there is only partial coverage of their operations. Most companies only have data from their site utility meters, enabling them to produce an overall specific energy consumption (SEC) figure (e.g. kWh/kg of output) but nothing at machine level to provide greater intelligence on sub-optimal energy use. The main reasons for the lack of engagement at this level appear to include the costs of hardware, installation and associated software and analysis, whether using internal or external expertise, as well as lack of awareness and priority (see Online Resource).
If machine-level data were to be widely gathered, its value for informing machine design would be limited because it would not enable comparisons between machine designs, for which brand is a proxy. Comparability is also therefore required. If achieved, benchmarks are automatically created and can be used as levers for machine design innovation through a peer benchmarking system. The remainder of this paper describes a novel system for accelerating and enriching innovation in the design of food manufacturing machines for energy efficiency purposes, utilising aspects of data science and behavioural science to stimulate and inform engineering science. Section 2 describes and exemplifies the potential for machine design innovation to contribute to energy efficiency gains. Section 3 sets out the logic train by which a novel self-sustaining cycle of data acquisition and analysis, peer benchmarking and machine innovation was conceptually built, and the evidence available and needed to prove its validity and robustness. Section 4 states the benefits the system would provide if implemented, bringing in a new level of data transparency, effectiveness and system resilience. Section 5 summarises the journey and the next steps.
Machine and process design: the untapped innovation space for energy efficiency
This section provides evidence for the effect of machine design on machine and process energy efficiency, from both theory and application.
Theoretical basis
Various design and quality aspects of machinery and processes convert or use energy, so their design is likely to affect how efficiently that is done. The following are examples (Table 1) : These variables can be significantly different between machine brands designed for the same function(s), leading to energy consumption differences of material importance for food manufacturers' profitability. Examples are oven insulation, material density of moving parts, other materials properties, impeller geometry and pipe layout (see Table 3 ). Machines may also differ because machine manufacturers do not adopt the most energy efficient components, simplicity and cost being two reasons (synthetic lubricants and VSDs not tuned for specific tasks are two examples) or because machines are old, although could be upgraded.
We can calculate or model in software the theoretical maximum potential for energy saving for whatever form of energy and energy conversions are involved. However, in practice this potential depends on the means by which energy is delivered to, and interfaces with, machinery and product materials-the system design. Using the lesser known framework of a complete system (Mann 2007a) , Fig. 1 illustrates the physics of losses:
Some established innovation tools, based on TRIZ but expanding it using a proprietary approach called Systematic Innovation (Mann 2007b) , provide a systematic process for identifying design improvements to reduce or eliminate these system inefficiencies. Often the best tool to start with is the concept of the Ideal Final Result (IFR): what would a perfectly efficient system look like (even though it will not be attainable)? It is then possible to 'backcast'-plot a path towards the IFR using another tool: Evolutionary Technology Trends. These Trends are the result of many years' empirical research and testing in commercial consultancy (Mann 2007b) . Figures 2, 3 and 4 show examples applicable to some food machinery functions.
Surface segmentation (Fig. 2 ), eventually enhanced with active chemistry, provides one means of reducing friction with fluid flows, so could be applied to many food machinery surfaces. This is also an example of the IFR goal of self-action, for example self-cleaning, albeit with the need for an external driving force to take separated particles and molecules away from the surface.
An example of Dynamization (Fig. 3) is supersonic fluid mixing, pumping and cooking-using steam infusion rather than injection (OAL Group). This moves from the use of Direct-fired, forced convection ovens use hot air jet impingement through arrays of nozzles to deliver heat to the product such as bread. This design is an example of object segmentation (Fig. 4) , in which the object is a gas (air). The same principle can apply to spraying of liquids. Aspects of design such as nozzle-product distance, nozzle diameter and spacing can be optimised for energy minimisation, and recent academic work did this for bread baking, producing a modelled energy saving of up to 10% compared to the oven type without the modified design (Khatir et al. 2015) .
Some overarching trends into which the Trends can be summarised are:
• Increasing precision in time and space • Increasing flexibility, particularly of the 'Tool' component of the system • Increasing self-actuation and control • Decreasing tangibility.
TRIZ and its extension through Systematic Innovation also has a set of 40 'Inventive Principles', abstracted from millions of granted patents and patent applications, which have been used to solve a corresponding set of abstracted technical problems (see Ilevbare et al. (2013) for an overview). These principles can also be used to indicate the potential for energy efficiency gains through improved machine design. A few examples are given in Table 2 .
In addition to these, process intensification is a more widely applicable approach which is an instance of Principle 35. It includes '(a) maximising the effectiveness of intra-and intermolecular events; (b) giving each molecule the same processing experience; (c) optimising the driving forces and maximising the specific areas to which these forces apply; (d) maximising synergistic effects from partial processes', all being applicable at different scales (Rivas et al. 2018) .
Radically more efficient technologies-at the far end of the Technology Trends-can certainly be included in the datasets to be acquired in the proposed system, but they are relatively few and far between in current food manufacturing. The Trends tool also points us to staging posts in technology development which are more understood and commercially implementable.
Measured effects of design innovations
Whilst some machine components are subject to Minimum Energy Performance Standards (MEPS) under EU legislation, in addition to the above theory we know empirically that there are differences in energy consumption between machines performing the same function, and Table 3 lists some of these from the database we have compiled. The list includes both commercially available machines which incorporate energy efficiency innovations and experimental results from the academic literature. A useful list of radically more efficient technologies and some machine design innovations, which have been researched in the Carbon Trust's Industrial Energy Efficiency Accelerator programme in the UK, is given in WSP Parsons Brinkerhoff and DNV GL (2015) and in its separate Appendix C. It is interesting that the information from commercial literature falls short of the quality required for scientific proof of efficiency claims, and in answer to our enquiries, the machinery/component manufacturers were unable to provide such evidence, as several items in Table 3 show. This itself is good evidence for the value of the proposed machine energy database system and its visibility, because such evidence is one benefit the system would provide.
It is instructive to note that Datta and Rakesh (2013) sought to generate a systematic methodology for assessing and selecting microwave combination baking parameters Avoids conversion of AC input to DC pulses to provides ultralow harmonics, and regeneration through two-way current flow Reduces input harmonics by combining active switching from the power source along with integrated input filtering Very low current distortion of 3% to 5% at all speeds and loads.
(Conventional AC drives range from ~ 15 to ~ 90%, depending on design and load.) Energy recovery, returned directly back to the power supply, avoiding the cost of regenerative rectifiers Oh et al. (2016) Switching from pure to mixed refrigerants without capital works "… savings of shaft power required for the refrigeration cycle can be achieved from 16.3% to 27.2% when the pure refrigerant is replaced with mixed refrigerants and operating conditions are re-optimised."
Pax Scientific (Harman 2013) Biomimetic design of impellers for fans, pumps and mixers Fan energy reduction of up to 50% (depending on application; based on measured but undisclosed data). Up to 90% less energy used to destratify water through mixing (based on data from over 600 large municipal drinking water storage tanks)
Medeiros da Silva (2015) Changes in machine code controlling trajectory motion profiles of motors 5-10% reduction in energy consumption in single-and multiaxis machine co-ordination systems for the many combinations of baking product variables which are possible (ingredients, shape, etc.). Whilst they did not produce any energy comparisons, this indicates that such product-based features may account for some of the energy use differences between machines, which would be a useful finding. Many of these, including shape, are reflected in the most detailed level of the international GS1 classification used for product bar codes. Lubrication oil is another interesting case. A class of self-lubricating polymers developed by Intech Power Core, a US company, can replace metals for machinery bearings and by definition eliminates oils. The company has not submitted the materials for any formal tests of energy efficiency compared to lubricated metal bearings (personal communication, February 2018) . The proposed machine energy database system would provide a low-cost means to do this and accelerate adoption of these materials where appropriate.
At present, the extent and impact of machine design differences in the food industry is unknown. Uncovering these could enable innovation or greater adoption of more energy efficient components or technologies for both retrofitting and in new machine design.
Similar conclusions have been drawn by researchers studying energy signatures of machine tools (Gontarz et al. 2015) and manufacturing in general (Kumaraguru et al. 2014) , with respect to life cycle inventory data), which have led to the development of international standards for machine tool design (ISO 14955 series).
As mentioned, data acquisition to detailed level could also include comparisons of incumbent technologies with the radically more efficient technologies, such as the acoustic jet technology mentioned in 'Theoretical basis' section above, and between such technologies for the same functions. Analysis of such detailed data would identify the specific reasons for energy advantages.
Apart from machine and process design, differences in energy consumption could also be due to other factors, which are discussed in 'Other variables' section.
Overall, these findings and analysis lead to a first hypothesis:
Hypothesis 1 -Machine Brand Differences Different brands of food manufacturing machines currently producing the same intermediate or final product consume significantly different amounts of energy.
Testing Hypothesis 1: making machine energy data comparable
Our first hypothesis uses 'the same intermediate or final product' as the reference point for comparing machine performance. Our review did not identify any previous use of this reference point to enable machine performance to be compared. This section explains how this can be validly and robustly defined, and addresses potential objections to the product as the reference for comparability.
Product definition
The GS1 classification, defining over 12,600 unique food product barcodes used in over 100 countries (GS1 UK Ltd 2018), can provide tight definitions of intermediate and final products. In a minority of cases, a final level of description may be needed. Examples of GS1 codes for ingredient, intermediate and final products are in the Online Resource.
Function definition
Whilst the definition of the intermediate or final product is essential, definition of the function being performed by a machine can be helpful. Table 4 gives a taxonomy of food manufacturing functions down to two levels (further levels have been populated to provide a full taxonomy). One defined product may undergo a series of processes involving some of these functions, whilst another with the same definition may be manufactured in one machine which integrates those functions-an extruder is an example. In the latter case, the comparison may be made by metering energy inputs into each sub-process.
If the sub-processes in a single machine are not separately supplied with energy through the control panel and the fuel/ thermal-equivalent control unit, sub-process metering would not be possible. The comparison then would need to be made by adding the relevant data for all the separate processes used for the comparison product and comparing the total(s) with the total energy consumption of the integrated machine.
Other variables
It is not necessary to control variations in processes for manufacturing the defined products because such variation is of material importance to the issue of maximising energy efficiency. If a defined product can be produced to the same quality with a different process using less energy, this is a welcome innovation. This is particularly relevant to comparisons of incumbent/traditional processes with radically more efficient but so far lightly deployed technologies (referred to in the 'Theoretical basis' section). ISO 20140-1: 2013 supports the use of the same product as the basis for comparing the 'environmental influence' of manufacturing systems (International Standards Organization 2013) .
Some manufacturers may object that qualities of their product, such as taste and texture, are unique and/or superior to other products in the same GS1 classification. A chocolate manufacturer, for example, may claim this due to its unique conching process; another manufacturer may claim uniqueness through secret ingredients. Process and composition seem the main reasons for such claims.
Specific energy consumption (SEC) profiles are informative with respect to these claims. If such unique products have higher SECs per unit mass (kWh/kg), their SECs per £ of revenue are likely to be lower than competing products, because sales will either be large or will attract a high price. This enables an intelligent comparison of products. Claimed high-quality products could be compared amongst themselves, in their own 'league' as it were, stimulating manufacturers to compete on energy efficiency within their peer group. This is akin to vehicles being classified into quality/ functional groups (e.g. city mini, SUV) and their CO 2 emissions being compared within those groups. The same applies to other aspects of quality, such as healthiness.
This argument also applies to other production parameters, particularly production rate. Gutowski et al. (2006) showed that production rate for most machined products has the greatest influence on energy consumption, because the overhead of fixed supporting energy-consuming functions (also called indirect energy) is spread over more units of output.
The influence of throughput can be eliminated using regression analysis, showing whether differences in the SEC values obtained are due entirely to throughput differences or whether there are other causes, but only where there are sufficient data points.
The throughput influence is probably less strong in food manufacturing; compared to machine tools, there is less overhead energy in the form of auxiliary processes. Where it exists, it is in the form of pneumatic or hydraulic transmission, and more food processes use electricity. Gutowski et al. (2006) also showed that, for injection moulding, electrically driven components used similar amounts of energy over a range of process rates (Fig. 5) .
Heat losses are the other main form of overhead energy in food manufacturing. Product and process materials are also much more heterogeneous than with machine tools.
Nevertheless, where energy economies of scale result in lower SECs for the same food product, this is a material consideration for a manufacturer: what energy and financial benefit could be gained by scaling up production, where possible, or could a higher SEC associated with a lower production rate be mitigated by switching to renewable energy, particularly if it could be on-site? Could efficiency be improved by changing parameters of the product materials, or using a different technology?
This approach of defining only the intermediate or final product by GS1 code to generate energy efficiency comparisons between machine brands avoids the complications of including production parameters, advocated by Cai et al. (2018) with respect to machine tools, in the generation of an energy benchmark, or defining processes (Andersson et al. 2018) . Instead, our approach moves production parameters and finely granulated process data to the analysis stage, informing innovation in machine and process design.
Another objection to our comparability metric might be that climate and other factors significantly influence energy efficiency but are outside the manufacturer's control. Again, this is informative with regard to improvement and innovation actions. Such factors should be measured so that analysis of the energy consumption data can be properly informed. Possible conclusions about the influence of a hot or cold climate include:
• Manufacture of the product is best done in the climate requiring the least energy input, so should be relocated.
• The manufacturer should improve insulation of the building and/or machinery, a one-off capital cost which will fall out of operational costs after a period.
• The climate disadvantage could be removed by investment in interseasonal solar heat storage systems (an innovation which might not otherwise have been identified).
• The effect of climate should be removed from the data (by, for example, relating it to degree days) to normalise comparison of the product's manufacture around the world (EN 16231:2012, the European standard on energy efficiency benchmarking, advises that these external factors should be accounted for (British Standards Institution 2012)).
Using comparable machine energy data to stimulate machine and process design innovation
So far we have assembled evidence of significant potential to improve energy efficiency through machine design innovation, suggested the need for machine comparability in order to identify specific innovation opportunities, and established a robust and valid basis for comparing machines. On its own, this is not enough to stimulate enhanced innovation activity in machine design. To realise the potential, a system is required to acquire comparable data and use that data to influence machine design activity. This section proposes a structure for such a system and how it would operate.
Possible models
The traditional method of converting this new opportunity into actual improvements in the field would involve change agents (organisations and consultancies), publicly funded or on a commercial basis:
• Promoting the opportunity to food manufacturers through various channels • Marketing energy monitoring and improvement services based on the machine energy data, some of which may be subsidised • Providing those services on a one-to-one basis.
Reliance would be placed on a target proportion of manufacturers responding and engaging in a programme of data acquisition, analysis and improvement actions. They would be expected to pay partly or completely for sub-metering and associated software and services. The benchmark would be the energy-related specifications of the food manufacturers' machines, and the data would show them where a machine was performing below those specifications and how process management could be improved. The lack of external benchmarks would not reveal potential machine design improvements. This is a linear, one-to-one relationship between the supply-side and demand-side, as shown in Fig. 6 .
As shown in Fig. 7 , the drawbacks of this approach are that it becomes increasingly more costly to sell to each additional food manufacturer, and therefore slower to act and achieve energy efficiency impact, and it is under the control of the supply (knowledge)-side.
An improved approach is to operate at the industry level, pooling food site-and manufacturer-anonymised data to analyse categorised issues and produce machine and process design guides. This is illustrated in Fig. 8 .
Such work would probably be publicly funded through one or more projects, as the target industries are unlikely to pay for knowledge which is now efficiently condensed and is less open to being charged for by the hour. An expert supply-side of change agents would be funded for a defined period to promote the opportunity to manufacturers of both food and machinery through various channels, and then Fig. 8 . This is a 'one-to-many' model, with relatively few change agents acting as a unit within controlled boundaries and engaging with the many food manufacturers.
This approach is stronger because it learns bigger lessons from a bigger pool of comparative data, making the insights more powerful, valid and robust, and therefore extending impact further into the future. However, the control of the knowledge and its flow to users is still in the hands of a few, making for slow progress and a limited set of design innovations, and it is reliant on public funding, compromising the release of innovation potential, as shown in Fig. 9 :
A more resilient and powerful approach to exploiting this data acquisition opportunity would be not only to operate at the industry level, pooling food site-and manufacturer-anonymised data, but also to make visible to multiple independent value-adding stakeholders the performance of different non-anonymised machines producing the same products. These independent stakeholders, identified in Figs. 11 and 12, function as 'many' change agents. Adding this step to the process has the potential to multiply the impacts on machine design innovation for energy efficiency, as illustrated in Fig. 10 :
This 'many-to-many' approach forms the basis of the system proposed here. Our state-of-the-art review did not find any system using any form of 'many-to-many' model. A major reason for this is aversion to data sharing, which is addressed here in 'The challenges of data sharing' section. We also did not find any co-ordinated activity aimed at improving the design of food production machinery for the purposes of improving energy efficiency. 
Proposed system
Under the proposed system, schematically shown in Fig. 11 , data at machine and process levels would be gathered by an entity, which could be a public body, a notfor-profit or a for-profit company. This controlling entity would store the data in a central database, with the manufacturing plant anonymised, but the machine brands stated. The data would be visible in various forms, including as league tables, to manufacturers and supporting stakeholders on terms which would enable the financial sustainability of the system. Analysis of the data, by the controlling entity and other stakeholders, would enable insight into performance and improvement pathways to extend to machine and process design because comparisons would be possible. The system would establish a feedback loop to both the demand-side (food manufacturers) and the supplyside (machine manufacturers, consultants, the R&D base). The power of peer benchmarking to influence behaviour, proven in other sectors, would be brought into play. Figure 12 identifies the benefits which would be available to each stakeholder in the system. The stakeholders operate variously within the industry, supporting the industry and at national level.
Data acquisition would be low cost because only a few sets of measurement equipment would be needed; the entity would use the same equipment to acquire data over a number of cycles in each plant and then reuse in the next plant on a continuous basis. The controlling entity would generate income through charges for access to data and for certain analyses. An exception to reuse of measurement equipment would arise where a manufacturer wanted to install permanent monitoring-perhaps for condition or fault monitoring for example-and in this case the manufacturer would own the equipment and allow it to be used for the data acquisition exercise.
The many-to-many approach maximises long-term energy efficiency impact because (a) it creates knowledge and insight from a wide foundation of stakeholders, on a many-to-many basis, and (b) it is self-sustaining financially, because many parties have an interest in its availability. It can also easily incorporate the one-to-many approach as one of the flows of value within its many other flows of value. It therefore uses all available senses and knowledge resources, which can be repeated in cycles. This impact is shown in Fig. 13 .
Formally expressed, the suggestion is that the system can move from the effectiveness level of the red line in Fig. 14 and Eq. 1 to that of something like the blue line and Eq. 2.
where iK is internal knowledge of a manufacturer accruing from private access to its own data, the value of the knowledge depending on the quality of the data; iQ includes internal action-triggering or -inhibiting factors such as motivation, individual and group psychology, and competing priorities; eK is external knowledge of a manufacturer and other stakeholders in the system, accruing from their access to food manufacturer-anonymous pooled data. This extends visibility. External knowledge is also dependent on quality for its value; eQ is the external counterpart of iQ.
The 10% and squared effects for iK and eK are notional, pending experimental results. They are intended to illustrate the relative power of internal and external data and other knowledge.
This analysis enables second and third hypotheses:
(1) Hypothesis 2 -Influencing machine design innovation through visibility of comparative energy data Making comparative machine energy data visible to food manufacturers and other stakeholders stimulates stronger pressure on machine manufacturers than just providing to food manufacturers data for their own machines (i.e. non-comparative data).
Hypothesis 3 -Influencing machine design innovation through data quality, in the form of machine design and innovation potential analysis Making available to food manufacturers analyses of weak or sub-optimal points in machine and process design with regard to energy efficiency, and of innovations which would improve energy efficiency (which can be generated most effectively and efficiently using comparative machine energy data), has a stimulating effect on innovation greater than making comparative energy data visible.
The system defined here can qualify as 'Big Data' if it involves Volume, Velocity, Variety and Veracity. We will address this below.
Having arrived at a concept which involves mining new seams of information and using it to understand and influence machine design, we now need to complete the arguments supporting the logic train of our hypotheses.
Testing Hypotheses 2 and 3: data visibility and peer benchmarking
We are positing that visibility of comparative machine energy data to food manufacturers, stakeholders and machine designers should have a significantly greater effect on energy efficiency through machine design innovation than non-comparative data. This is the basis of peer benchmarking. If the comparative data is made visible, comparisons are naturally immediately made.
Peer benchmarking: evidence of effectiveness
Peer benchmarking adds behavioural science to the data science involved in analytics and the engineering science of machine design. Research has established its effectiveness as a motivator of improvement action (Altham 2007-greener dry cleaning; Oak Ridge National Laboratory 2008-users of the Motor Master performance database in the US Department of Energy's Industrial Technologies Program; Allcott 2011-Opower Home Energy Reports, enabling domestic energy consumers to see their consumption against peer households; Hahn and Metcalfe 2016-review of the field, highlighting the effectiveness of social norms in changing consumer energy behaviour, as well as another behaviours; Hallsworth et al. 2017 -effectiveness of social norms in improving overdue tax payment rates). It has also been applied commercially (e.g. Rappor Metrics Ltd, which gathers views and data from a customer company's suppliers and customers to produce league tables of performance (Rappor Metrics Ltd 2018)) and in government policies, referenced below.
Peer benchmarking involves making visible to an energy user their level and perhaps patterns of consumption ranked among the consumption of their peers. The main psychological factors which underpin improvement (reduced consumption) responses are the desire to be better than peers (competitive instinct) and the desire to fit in with, or not to stand out from, peers (conforming instinct). Peer benchmarking is also called normative feedback where the intention or effect is to establish social norms.
The main contributor to this work in the energy field is the US startup utility Opower (now owned by Oracle). Opower's Home Energy Reports (HERs), sent in the post to domestic energy consumers with their bills, position the consuming household's historical energy use alongside the average energy use of similar anonymous households in the neighbourhood and give quantified suggestions for how energy consumption could be reduced. A comprehensive review of the effect of the HERs on energy use in large populations of 'treatment' and control households in several US states, carried out with Opower's co-operation, found that the average effects of the HERs ranged from 1.4% to 3.3% of the baselines' ('pre-treatment' and control) use, with an unweighted mean of 2.0%. This was estimated to be equivalent to the effect of an 11-20% short run price increase or a 5% long run price increase (Allcott 2011) . The effect increased with higher pre-treatment energy consumption, and there was no rebound effect by which those in the top classes of energy efficient households increased consumption as a result of seeing their comparative performance. The analysis had to assume that all 'treatment' households opened and read the HER documents, but since that is unlikely, the recorded effect was probably greater among an unknown smaller set of households. The effect took several months to reach an approximately steady state, and there was no evidence of any decline in the effect after 2 years of receiving the HERs. This review is supported by other analyses. Working with two sets of households in London, each around 600 in number, whose energy prices were subsidised, UK researchers (Dolan and Metcalfe 2013) separated the two types of information in HERs similar to Opower's (benchmarked consumption information (descriptive social norms) and the advice on how to reduce energy consumption). They found that the benchmarked information:
• alone reduced consumption, by about 6% compared to consumption before the experiment • had its largest impact on the day it was received, and then decreased over time
• did not work when received by email, even with customers experienced in receiving their bills online • completely eliminated the 8% gain in efficiency caused by a large financial reward (£100 for a 30% reduction in energy use over 2 months) when the two were presented together. This can be interpreted as a powerful effect of benchmarking information, because it overpowered the influence of a motivator which was stronger when presented alone. Brandon et al. (2017) confirmed the Opower effect, and their evidence and analysis also suggested a contribution from investment in more energy efficient technologies. Opower (2018), via its Oracle parent, publishes 'Utilities Measurement and Verification Reports of the Opower Behavioral Energy Efficiency and Peak Management Programs', containing over 100 'independent' (third-party) evaluations, which provide consistent supporting evidence of the behavioural effect.
Opower's approach has now been adopted in several countries. The power-related research plus the work from other fields referenced above validates the effectiveness of the relatively low-cost benchmarking intervention for household energy consumption and provides the basis for our optimistic second hypothesis above. However, no field experiment research has been carried out with respect to industrial energy consumers, so the research proposed here would make a start.
There is other non-experimental evidence that industrial peer benchmarking could be a potent means of influencing behaviour:
Regulation (EU) 2017/1369: framework for energy labelling
The revised EU energy labelling scheme for energyusing products, which so far has been mainly for domestic appliances. Member States can incorporate any energyusing products within the scope of the labelling legislation.
The energy labelling legislation has resulted in a quick migration of most obligated appliances to the A efficiency category and higher, with only a minority below. Examples are shown in Fig. 15 (von Esebeck and Bush 2018), and Fig. 16 shows that even the worst-performing appliances have reduced energy consumption significantly.
US DoE MotorMaster + 3.0 This 'Best Practices Program'
software includes a built-in database of more than 27,000 US motors, enabling comparison of different motors by computing relative costs (including initial, annual energy and life cycle costs) and savings for the motors being considered (ABB 2009). Individuals in a large number of companies in different sectors received the software in a US energy efficiency programme, and some also received training. The evaluation data for the programme are over 10 years old (Oak Ridge National Laboratory 2008). However, 15% of respondents (who represented 35% of those who received the software) reported that the software stimulated them to take implementing actions. Interestingly, the effect for those receiving training instead of the software was over twice as large (36%), indicating that the effect of the availability of benchmarking data can be significantly enhanced through personal engagement, as is provided, for example, by consultancy.
At the site level, there are a number of precedents for pooled energy data gathering and assessment against benchmarks. This work began with the Energy Intensity Index Open Energy Information (OpenEI) (Open Energy Information 2018), a crowd-populated energy data and issues resource hosted by NREL/DOE, is another precedent, but it has no datasets for food, and does not appear to be centrally driven or directed.
In the UK, the government Department for Business, Energy and Industrial Strategy (BEIS) has consolidated several energy/carbon reporting systems into a single streamlined system, but the reporting does not go to process and machine level.
Vigorous research since around 2006 into the energy efficiency of machine tools has not established how reference values or benchmarks can be determined (Cai et al. 2017) . The research has led to the new ISO 14955 standard, focused on the environmental evaluation of machine tools and a methodology for designing machine tools with improved energy efficiency, rather than a performance benchmark (British Standards Institution 2014) . Wei Cai and colleagues in China have developed a methodology for establishing an energy label for machine tools, using the product as the reference for energy consumption and thereby enabling any combination of machine brands and process designs to be compared (Cai et al. 2017) . This is a very recent development so has not (yet) been significantly applied or adopted.
So industrial benchmarking focused on energy use has been seen as important in various countries, but the schemes introduced have all operated at the top level of only the utility or site meter. Apart from the recent developments in machine tools, none have focused on the comparative performance of machine brands.
The closest known system to the one proposed here is in fields related to manufacturing. Veracity.com is a platform, developed by the multinational verification company DNV GL, which has the following features:
• Data can be contributed anonymously and made available to others, with or without charge.
• DNV GL, data owners and third parties can develop apps to analyse, with or without charge, datasets on the platform.
• Peer benchmarking for two energy apps. One of these is 'Eco Insight', in which the use of various resources on ships is continuously monitored. 'Vessel comparisons, fleet benchmarking and market benchmarking are inbuilt' giving sight of 'where you stand and what your improvement potential is.' This is analogous to exposing energy-related differences in machine design.
Veracity differs from the system proposed here in that it does not cover manufacturing machinery and, apart from one-to-one services under contract, Veracity does not involve proactive data acquisition by a controlling entity. This would overcome the problems of data quality which DNV GL has encountered in pilot trials of the system, set out under Barriers 1-4 and 6 at DNV GL (2018).
In the system envisaged here, shown in Fig. 11 , food manufacturers would be able to see the brands and models of the machines and components they use ranked in league tables of comparable energy use. In many and perhaps a majority of individuals with executive authority, the evidence suggests that this would stimulate two main behavioural motivators: competitive instinct and conformity or social norming. By activating this psychology, the big dataset could therefore be leveraged to accelerate improvement actions beyond just the greater visibility enabled by its industry scale.
Peer psychology suggests that food manufacturers would begin to exert influence and pressure on machine manufacturers to introduce energy efficiency improvements in machine design, on both a retrofit basis and in new machinery. This would extend to process design because both are linked. Other stakeholders may do the same, particularly government agencies and NGOs with energy efficiency mandates and agendas.
Peer benchmarking has been accepted as a tool by the European Union. Its Energy Efficiency Directive (2012/27) mandates peer benchmarking in industry (Article 25 and Annex VII), but the requirement has not been implemented because a supporting physical, virtual and cultural infrastructure does not yet exist. The European Commission thinks that this will be a slow process (personal communication, January 2018). Italy has conducted limited research to inform construction of this infrastructure (Benedetti et al. 2017) , and Germany is developing a peer benchmarking system which places the onus on individual manufacturers to obtain benchmarking data (providing step-by-step guidance), and leaving it open to individual initiative to publish benchmarked data (Ökotec Energiemanagement GmbH 2018a, b). We would suggest that this is not an efficient approach.
Another possible gateway to benchmark energy data is energy management software. Among the many vendors, only LightApp (2017) showed in our research as offering external comparison of energy consumption, referencing industry best practice. There is no explanation of how such benchmarks are derived. At the machine level, the data are limited by the extent of sub-metering paid for by the food manufacturer.
Data visibility does not have an equivalent Big Data element, but it could be added as a fifth 'V' to the definition of a Big Data resource.
The challenges of data sharing
Participation Sharing data 'horizontally' across an industry carries actual and perceived risks. Lack of participation by food manufacturers due to risk aversion is perhaps the biggest challenge to the successful implementation of the system proposed here. It is the 'threat' element of a SWOT analysis.
The risk associated with a manufacturer's machine energy datasets becoming publicly known (even though the manufacturer's identity is anonymised) is that competitors could match good performance through retrofitting of machines or new purchases, thereby removing competitive advantages in terms of cost and energy security.
The risk calculation is the likelihood of the good performance matching multiplied by the extent and nature of loss of competitive advantage-the severity of the net negative impact.
It can be assumed that the likelihood of matching is high, since that is the effect of peer benchmarking. The rational calculation of a food manufacturer as to whether to participate should then be governed by (a) their knowledge or belief about the extent to which they would, respectively, be a 'matcher' and be matched-in other words, where they are in the league tables of energy performance for their products-and (b) if they are matched, how much of a competitive gain that would be for their competitors.
For (b), this depends on the characteristics and circumstances of each food manufacturer, and there are several considerations they each need to weigh. These are listed under different circumstances in the Online Resource for this paper. As a multivariate problem it is not therefore possible to produce a definitive answer to the question for all food manufacturers. A formal method of decision-making could involve assigning positive or negative values to each of the relevant considerations in the Online Resource and then multiplying them together to produce a positive or negative score-akin to a TOPSIS evaluation (Hwang and Yoon 1981) .
Factor (a) above involves uncertainty. Figure 17 shows the five possible sections along a scale of uncertainty within which a food manufacturer could find themselves.
Each section of the scale or category of manufacturer is briefly described below. Typically, the thoughts will be those of the Energy Manager:
① Pre-participation-The dominant force is uncertainty about what competitors might do as a result of seeing the ranked anonymous data. The Energy Manager cannot be sure about this, so can only focus on what the company will get out of participation. The eight factors listed in the Online Resource (OR) to this paper under this circumstance strongly support participation.
② Worse-"From the data received, or what I know or suspect already, I'm worse than others." The peer benchmarking evidence supports a participation reaction incorporating some or all of seven factors listed in the OR under this circumstance.
③ Better-"From the data received, or what I know or suspect already, I'm better than others." The eight factors listed under Circumstance 3 in the OR, supporting participation, would need to be considered. There is less evidence about behaviour in this transitional state. An intuitive analysis would say that the manufacturer could afford to disengage from the benchmarking system for a period, but that this position would not persist. The Circumstance 3 factors would also apply to this category.
⑤ Leading-"I know I'm the best because I have the most advanced technology which has been shown to have the lowest energy consumption." Figure 17 indicates that Group 5 is likely to form only a top minority fraction of the food manufacturing population.
Some of this top fraction of manufacturers in the system's energy efficiency rankings may perceive significant risk in sharing their anonymous data, where they are sure they have invested in the highest efficiency machines. The remainder of the top group may not be so sure, and/or may take into account the three factors under Circumstance 4 in the OR.
Uncertainty for the whole population could drive participation. The decision about participation rests on either maintaining the status quo or opening up the advantages. The advantages could equally be seen as avoiding the opportunity costs of non-participation, listed in the form of the factors in the OR. It is suggested that, for the majority of manufacturers, uncertainty and these alternative considerations are candidate drivers of participation in the system. The issue can be formally characterised using the classic game theory scenario of The Prisoners' Dilemma, in which various degrees of penalty or freedom for two prisoners are possible outcomes, but they depend on the combination of independent confessions and non-confessions they make. Substituting sharing and not sharing data for confession/ non-confession, Fig. 18 shows the choices and the outcomes for the two broad categories of food manufacturer we have discussed above.
For the advanced group, their interest is generally in keeping their data to themselves, because they will retain and not jeopardise their assumed advantage on energy consumption. For the non-advanced group, there is no benefit from keeping their data, but a likelihood they will gain by sharing or pooling it in the machine energy database.
As we have suggested, the non-advanced group is likely to be far larger than the advanced group in numbers of companies and by other measures such as aggregate turnover, making it likely that the database would have sufficient data to be useful.
The advanced group's guarding of their data may also be undermined by manufacturers of the advanced machines they have invested in. The interest of these machine manufacturers is the direct opposite of their food manufacturer customers-they want to maximise sales and thereby spread the energy efficiency gains to others. The machine manufacturers would therefore be motivated to submit qualifying data to the database from their own reference production runs.
Validation of the power of these participatory drivers could easily be made by consulting a representative sample of food manufacturers. However, there is a risk of a false negative response, leading to inaccurate conclusions about the viability of the system proposed here. If presented to them only verbally and/or on paper, manufacturers may take a risk-averse view, not having seen any actual data to compel their attraction. If actual data were collected and presented in a ranked form as described in 'Peer benchmarking: evidence of effectiveness' section, this would be more compelling and would be a full presentation of the system. We are now moving from system design to the psychology of system adoption, which is the limit of the current paper.
Data security In addition to the fear of a reduced energy cost advantage from anonymous disclosure of comparative machine energy data, some food manufacturers may be concerned that disclosure would affect their reputation and perhaps their rating in their customers' procurement scoring systems if the security of the data was compromised. The issue of trust has featured in two recent UK reports (Hall and Pesenti 2017; Maier 2017 ) and led to the recommendation that a 'Data Trust Support Organisation' (DTSO) be established to support the expansion of digital technologies in manufacturing, particularly through the development of 'data trust' standards for data sharing.
The controlling entity for the system proposed here would need to know the source of each dataset in order (a) to verify it as genuine and (b) to interrogate it should any questions or problems arise. The necessary knowledge base is data science and cryptology, again at the limits of this paper's scope. Among the range of solutions, the data source would be encrypted and could be held by a third party providing escrow-type services (such as the proposed DTSO), and/ or some form of distributed storage using blockchain could be used. The latter could involve protocolled data storage on a dedicated server controlled by each contributing food Fig. 18 Prisoners' Dilemma outcomes of data sharing. Advanced (first of each pair): manufacturers confident they are at or near the top of the EE league. Non-advanced (second of each pair): Manufacturers without such confidence manufacturer, with access only to database subscribers. This would allow the database controlling entity to access the source information with permission from the data source when necessary.
Identity Beyond security considerations, the proposed system would not disclose the identity of food manufacturers, but the risk could persist if the identity of a manufacturer could be deduced from the product forming the reference point for a dataset and/or from the brand and model of machine used.
The brand/model clue could be removed by also anonymising the machine brands, just denoting them by a reference code instead. Each food manufacturer would receive their data records, and they would of course know their machine brand(s) so would be able to exert pressure or influence on their suppliers. Other stakeholders would be able to analyse the data for each anonymous machine and, with limitations, associate aspects of the data with machine components and processes. Machinery manufacturers or their food manufacturer customers could choose to disclose to the analysing community their specification sheets to assist with design innovation.
The product clue to a food manufacturer's identity would be present if there were only one manufacturer of that product in the territories covered by the database, but this is unlikely, and data could be set only to be available to database subscribers if there were datasets from at least two manufacturers. It would then be difficult to deduce identity based on machine performance.
Experimental variables
Since peer benchmarking of machine energy efficiency has not yet been reported, the Proof of Concept of the proposed system and in particular Hypotheses 2 and 3 would constitute an experiment. This paper describes a proposal at this stage, so details of the experimental setup will be left for the report on the experiment, but the main variables on peer benchmarking will be as follows: Food manufacturer behaviour prior to sight of any data from this experiment ('pre-treatment').
The variables for Hypothesis 1 are different
Testing Hypothesis 3: data quality requirements
Hypothesis 3 posits that major aspects of data quality are diagnostic analysis of the reasons for the poorer performance of machines compared to others and then design innovations, specified to varying degrees and in various forms, including patents (which would clearly need appropriate allocation of rights, preferably to incentivise all relevant stakeholders). This section sets out important requirements for these outputs.
Diagnostic and innovation analysis
As we saw in the 'Machine and process design: the untapped innovation space for energy efficiency' section, the canvas for design innovation is very large and the improvement potential is also significant. The analyses and innovations made possible by sight of the data would come from the controlling entity and some of the stakeholders accessing the data. Machine manufacturers would also produce such outputs, but it is the influencing effect on them with which Hypothesis 3 is concerned. These outputs can be enhanced by granularity. The energy efficiency effects of machine design can be seen in even the finest details of machine performance, whether segmented by time or space. In electrical systems, voltage and current can vary by phase and improvements can be designed by phase. In thermal systems, fluxes can vary with differences across material areas and volumes as well as over small time periods. Small inefficiencies can accumulate rapidly. The more precise the data and the causal analysis, the more credible the conclusion will be and hence the strength of influence.
The analyses which could be carried out on the data would produce values for the following key electrical and thermal performance parameters: Electrical
• Current and voltage separately over time • Power over time, which can be useful separately to energy consumption values • Specific energy consumption (SEC, see 'Other variables' above)
• Power factor • Harmonic distortion (As discussed in the 'Other variables' section, the indicator of use to the food manufacturer is SEC.) Thermal
• Thermal flux in relation to product and equipment materials and process fluids • Specific enthalpy, entropy, Gibbs Energy, Helmholtz Energy and exergy. Figure 19 shows these values in one possible commercially available program associated with leading edge terminal sensors:
A particularly useful output would be signatures expressed using an appropriate selection of these values for specific types of machine or machine components performing specific functions. This would be possible due to the collection of many samples, enabling an increasingly valid mean for a normal distribution of values to be established. As well as being useful inputs to modelling innovations in machine design, such signatures would also be useful in the fields of process automation, machine learning and nonintrusive load monitoring (NILM).
Data acquisition protocols
One advantage of pooling anonymised data across an industry is that the comparability of the data can be assured. In the present case, we have established that the GS1 definitions ensure that the same reference output is being used to compare machines.
In addition, a consistent valid and robust protocol can be used to collect the data, eliminating any false conclusions due to the use of different types of monitoring equipment or installation details. This contrasts with the heterogeneous nature of the current system for industrial data acquisition using sub-metering, which does not permit formal comparability.
Use of a common protocol supports an independent controlling entity collecting the data rather than manufacturers. Whilst third-party assurance companies could be accredited to use agreed protocols, the disadvantage is that they would charge the controlling entity, which would antagonise the financial sustainability of the model.
There are several protocols for data acquisition, format, storage, analysis, etc., which could be used or adapted. 
Data quantity
The quantity of data in the system has two functions-scientific and practical. The scientific function is proving the power of peer benchmarking, and this has been discussed in the 'Testing Hypotheses 2 and 3: data visibility and peer benchmarking' section. The practical function is the influence it can exert on those who can effect change towards greater energy efficiency.
The strength of influence of comparative machine energy data on design innovation seems likely to be proportionate to the number of datasets, where a dataset comprises data for one machine brand manufacturing a GS1-defined food product.
The intended use of the dataset is to identify reasons for differences in energy consumption, principally concerning machine and process design, but also environmental and operational management. Under the envisaged system, the reasons will be identified by both the system operating entity and other stakeholders in fluid interaction with the data and perhaps each other. Food manufacturers are likely to be the most common influencers on machinery manufacturers, though some of the latter will be self-motivated and some will be influenced by other stakeholders. The influencing parties will probably not require a statistically representative sample of datasets in order to begin exercising their influence-even one dataset plus a causal analysis may stimulate them-but more datasets will provide an increasingly normal distribution of machine consumption for each defined product. This will provide increasingly higher confidence that underlying causes exist for energy consumption differences, and will enable more powerful conclusions about the causes to be drawn.
The proposed system would increase the quantity of data far above that currently achievable by individual software vendors or consultants using just their client data.
This aspect is the 'Volume' element of a Big Data resource. (The other Big Data 'V' is Velocity, which refers to the rate of data acquisition as well as its analysis. For the purpose of influencing machine design for energy efficiency innovation, this is in general not of practical value. Exceptions would be where machine design allows near-real time responses to data from other machines elsewhere which are manufacturing the same defined product, but this would be hard to achieve and the benefits uncertain.)
System impacts
The main intention of the proposed system is to leverage active and latent capabilities within and between stakeholders in the food and drink manufacturing value chain for energy efficiency gains. The design of the system can achieve this by collecting, assembling, analysing and exposing data which is currently not visible. Peer benchmarking is the main mechanism identified for achieving this effect, and a low-cost arrangement has been described. A more conventional, more expensive but complementary method is teaching or mentoring using design lessons unearthed from analysis of the data. The biggest effect may be achieved by using both within the same package.
Once the relevant executive or team has absorbed the meaning of the data and system outputs such that their thinking moves towards action on energy efficiency, the machine manufacturer is the focus of attention. Most of the resulting innovations are likely to be realised through retrofitting of existing machines, otherwise in new machine designs. Some comparisons involving radically more efficient technologies may involve the food manufacturer planning a future stepchange technology investment.
Finally, to complete the view of the whole system envisaged, paying for energy efficiency innovation in machine design will be, as for well-known technologies now, a big barrier for many companies, including larger businesses. Innovation in the finance field is derisking energy efficiency for investors by bundling energy efficiency schemes and providing third-party assurance with respect to achievement of projected savings, and therefore the cash flow to provide a return. A leading example is the Investor Confidence Project (ICP) and its Investor Ready Energy Efficiency (IREE™) scheme (ICP 2018) . To date, this has been applied to buildings, so the next opportunity which the proposed system could enable is for production machinery. Under IREE, the finance is secured on the savings, not physical assets as in loan schemes such as that run in the UK by the Carbon Trust and Siemens. The advantage of this is that, under imminent new accounting rules in the UK, physical assets will have to go on the balance sheet, whereas intangible assets will not.
The proposed system has the potential to strengthen energy efficiency innovation capability principally within food and machinery manufacturers, but also within other stakeholders in the system. The increased attention to continual improvement in a learning community should support an enhancement of knowledge, which is demanded by policymakers in the UK (Department for Business, Energy & Industrial Strategy et al. 2017 ).
Conclusion and next steps
This paper has described the emergence of a system of influence and leverage for energy efficiency in food manufacturing from a train of logic which began with the observation that little was known about energy consumption at the machine level. The simple idea of acquiring such data required that this be done at low cost and that the data be used productively. Machine energy data would be useful for identifying machine running problems, but its analysis, down to a fine resolution where necessary, could also inform machine design innovation for energy efficiency gains. The potential gains from such innovation as well as evidence of actual significant implementations were elucidated. Data science-diagnostic and prescriptive-informs engineering science.
However, it is difficult to convert analysis of individual machines on a single site into insights for design innovation to deliver energy efficiency gains if there is no benchmark performance and design to compare against. A major brake on the value of machine design innovation is that it can exist in its own bubble, capable of comparison with previous versions of a design but not easily benchmarked. Comparative data were therefore needed.
This brought into play the use of comparisons to activate the proven, accepted and growing dynamic of peer benchmarking as a motivator of behaviour, in this case oriented to energy efficiency improvement. In stimulating stakeholders in energy efficiency, principally food and drink manufacturers, to demand machinery with reduced energy consumption, peer benchmarking would also lever existing engineering design resources within machinery manufacturers and other system stakeholders, rather than leaving all the innovation heavy lifting to be done through specific initiatives and special funding. Behavioural science took the lead at this stage of the system build.
Peer benchmarking requires valid comparability and other aspects of data quality and, most importantly, visibility. Visibility in turn raised the need for secure data sharing and brought into play the benefits which 'Big Data' has brought to other sectors. We then arrived at an 'ecosystem', a self-organising learning community, involving a 'Plan Do Check Act' cycle, as specified in the international energy management standard ISO 50001, but operating at an industry level. The cycle would leverage energy efficiency gains which should be disproportionately greater than would be achievable with machine energy data available only to the respective machine owners or lessees.
Finally, for comprehensive resilience and stability the system needed to be self-sustaining rather than a project limited by funding and time. A means of achieving this based on value to stakeholders and the uniqueness of the system was outlined. Figure 20 summarises the above sequence of steps in graphical form.
The system now needs to be proved. A consortium has been formed and a feasibility study proposed. This is awaiting funding. Further work could include an extension of the approach to other manufacturing sectors, particularly in process engineering.
